China has achieved significant progress in terms of economic and social developments since implementation of reform and open policy in 1978. However, the rapid speed of economic growth in China has also resulted in high energy consumption and serious environmental problems, which hindering the sustainability of China's economic growth. This paper provides a framework for measuring eco-efficiency with CO 2 emissions in Chinese manufacturing industries. We introduce a global Malmquist-Luenberger productivity index (GMLPI) that can handle undesirable factors within Data Envelopment Analysis (DEA). This study suggested after regulations imposed by the Chinese government, in the last stage of the analysis, i.e. during 2011e2012, the contemporaneous frontier shifts towards the global technology frontier in the direction of more desirable outputs and less undesirable outputs, i.e. producing less CO 2 emissions, but the GMLPI drops slightly. This is an indication that the Chinese government needs to implement more policy regulations in order to maintain productivity index while reducing CO 2 emissions.
Introduction
China has achieved significant progress in terms of economic and social developments since implementation of reform and open policy in 1978. However, the rapid speed of economic growth in China has also resulted in high energy consumption and serious environmental problems, which hindering the sustainability of China's economic growth. The statistical data from China Statistical Yearbook 2010 shows that China's nominal industrial gross domestic product (GDP) increased by 66.02 times between 1981 and 2009 (204.84 vs. 13523.99 billion RMB Yuan) and the amount of industrial solid waste produced in 2009 (2.04 billion tons) was 5.42 times that of 1981 Bian et al. [7] . BP [6] argued that China's total energy consumption was only half of the United States' about ten years ago but overtook the United States to become the world's largest energy user in 2010. Wang et al. [51] also noted that China has already surpassed the USA and become the world's largest energy consumer and contributor of CO 2 emissions since 2007.
Chinese government has realized the importance of energy conservation and prevention of the climate changes for sustainable development of China's economy. To address this issue, China announces 12th five-year plan intended to establish a "green, lowcarbon development concept", which states that in 2015 China will increase the proportion of non-fossil fuels in energy generation to 11.4%, reduce energy consumption per unit of GDP by 16%, and reduce CO 2 emissions per unit of GDP by 17% from the levels in 2010, especially in manufacturing industries, as the industrial sector contributes most of carbon emissions in China. Moreover in the September 2014, Chinese State Council released officially the "National Climate Change Plan (2014e2020)" and announced China's CO 2 emissions to gross domestic product in 2020 would be reduced by 40%e45% on the basis of 2005.
China Statistical Yearbooks show the annual average growth rate of GDP in China was 10.2%, while the industry expanded by 11.9% on annual average in the period of 1981e2011. Moreover, the share of industrial added value exceeded 40% of GDP in the past three decades, and the industry contributes 84.2% of the total CO 2 emissions in China [11] . Thus it is important to investigate efficiency and productivity evolution in Chinese manufacturing industries with CO 2 emissions as an undesirable factor. The results of the analysis could be one of the bases for policy makers in China to develop the relevant policies in the future.
There have been a large amount of literature on environmental issues considering CO 2 emissions in China. See details for literature review in the Subsection 2.1. This paper aims to analyse the productivity evolution of the subordinate sectors (two-digit level) in Chinese manufacturing industries (Decision making units, DMUs) with respect to CO 2 emissions in period of 2004e2012 as an undesirable output using. For this, we employ a global MalmquisteLuenberger productivity index (GMLPI) based on Data Envelopment Analysis (DEA) with selected inputs (asset, labour, and energy consumption) and outputs (gross industrial output and CO 2 emissions) to investigate the components of GMLPI of these two-digit level manufacturing industries in China.
The remainder of the paper is organized as follows: Section 2 reviewed the related literature and presented the development status of Chinese manufacturing industries for this paper. Section 3 describes the methodology used in this paper especially GMLPI with undesirable output. Section 4 gives summary statistics of the data and variables used in this paper. The empirical results of the productivity evolution of Chinese manufacturing industries with some discussions and policy implications are illustrated in Section 5. Section 6 concludes this paper and provides direction for future research.
Literature review and the development status of Chinese manufacturing industries

Literature review
Climate change has become one of the most challenging issues facing the world. More and more countries are concerned with reducing energy consumption and CO 2 emissions while increasing the efficiency and productivity of the industrial sectors. There are many applications of DEA in various areas including environmental efficiency. Arabi et al. [3] investigated the productivity evolution of 18 steam power plants in Iran using a new slacks-based MalmquistLunernberg productivity index (MLPI). Cui and Li [12] proposed a virtual frontier DEA which is applied to evaluate transportation carbon efficiencies of 15 countries during the period of 2003e2010. Bruno and Manello [8] used DEA based directional distance function (DDF) to benchmarking and effects of reforms in the fixed telecommunications industry. Martini et al. [31] analysed the efficiency of 33 Italian airports for the period 2005e2008 using a twostage procedure based on DDF and bootstrapping. Picazo-Tadeo et al. [40] proposed the use of DDF and DEA techniques to assess eco-efficiency of a sample of Spanish olive-growing farms. Sueyoshi and Goto [46] discussed how to use DEA to measure operational and environmental efficiency by considering energy utilization and environmental protection. Molinos-Senante et al. [33] integrated environmental impacts in the assessment of the efficiency of estimating pure and mixed environmental performance indices for a sample of 60 Spanish wastewater treatment plants. Khodakarami et al . [25] proposed a gradual efficiency improvement DEA model to measure sustainability of the community of manufacturing and service businesses. Vlontzos et al. [49] evaluated the energy and environmental efficiency of the primary sectors of the EU member state countries using non-radial DEA model. Picazo-Tadeo and García-Reche [41] used DEA as a tool to show that environmental performance is a matter of major concern both for policy makers and for firm managers. There are still a lot of other literature on this issue, e.g., Environmental productivity of Chinese provinces [36] , Productivity growth in OECD countries [62] , environmental efficiency industry [35] , energy efficiency of Indian manufacturing [34] , Korean electric power industry [28] , European commercial transport industry [27] , electric power sector in Japan [32] , and world cement industry [43] . Dakpo et al. [13] proposed a general review the most relevant methods in this field of modelling pollution-generating technologies in performance benchmarking with limits and strengthens. Based on the above analysis, we can see that, DEA technique has been applied broadly in the field of measuring environmental efficiency and productivity. As a nonparametric approach, DEA can easily incorporate undesirable factors based on DDF with specific direction. It is necessary to use DDF since in the standard DEA model (input-based), decreases in outputs are not allowed and only inputs are allowed to decrease. Based on DDF, DEA technique can be used to measure the inefficiency taking undesirable factors into account and then construct MLPI to measure the productivity over different periods.
Currently, China has become one of the world's largest contributors of CO 2 emissions, so the environmental efficiency including CO 2 emission in Chinese industries has been a popular research topic, e.g. Zhang et al. [64] proposed a non-radial Malmquist CO 2 emission performance index based on a non-radial directional distance function (DDF) for measuring dynamic changes in total-factor CO 2 emission performance over time in transportation industry. The following Table 1 lists some of previous studies on Chinese environmental efficiency. As seen in Table 1 , it is clear that most related works focus on the regional (e.g. province-level and city-level) and industrial environmental efficiency based on DEA. Output-based model and DDF are the most selected way to deal with undesirable factors, e.g. CO 2 emissions or SO 2 emissions. There are some literature dealing with time-series data using MalmquisteLuenberger (ML) productivity index. However, there exist few researches on productivity analysis of Chinese manufacturing industries with CO 2 emissions on using a GMLPI in the time window of recent years.
Development status of Chinese manufacturing industries
As a developing country, China experiences a rapid growth in manufacturing industries in recent years. According to China Statistical Year Books 2005e2013, the sum of Gross Industrial Output Value (GIOV) of Chinese two-digit level manufacturing industries increased significantly, an increase of about 3.3 times from about 22.8 trillion RMB in 2004 to about 74.8 trillion RMB in 2012. The energy consumption of Chinese Manufacturing industries also increased from about 1.2 billion tons of standard coal equivalent (SCE) in 2004 to about 2.1 billion tons in 2012. In the meantime, the energy intensity (energy consumption per unit GIOV) decreased substantially. At 2004, it costs about 0.51 tons of SCE to produce 10 thousand RMB GIOV, but it only needs about 0.28 ton SCE to produce the same amount GIOV at 2012. However compared with other developed countries, the level of energy intensity is much lower than the average of the world. According to the "World Development Report 2010 of Emerging Industries" (see Asia-Pacific CEO Association (APCA) in 2011), although the level of energy intensity in China has declined significantly, the energy consumption (in term of standard oil equivalent (SOE)) per unit US dollar GDP of China is still much higher than several main countries in the world (See Fig. 1) .
Furthermore, the CO 2 emissions in manufacturing industries in China is relatively high in this period, As seen in Fig. 2 , the CO 2 emission in manufacturing industries in China is about 2.3 billion tons in 2004 but in 2012 it is estimated to reach more than 4.1 billion tons in China. 
Methodology
Let us consider X ¼ (x 1 ,x 2 ,…,x m ) and Y ¼ (y 1 ,y 2 ,…,y s ) be input and output vectors of m and s dimension respectively. Assume that there are N DMUs (j ¼ 1,…,N. DMUj) over T time periods (t ¼ 1,…,T), then the Production Possibility Set (P) in period is fined by
Further, we define output distance function D (e.g., outputorientated radial distance) by
Directional distance function (DDF) and MalmquisteLuenberger productivity index (MLPI)
Now let us consider a relatively complex productive process that uses a vector of inputs X to obtain a set of desirable outputs denoted by the vector Y and a vector of undesirable outputs denoted by the vector B ¼ (b 1 ,b 2 ,…,b h ). Assume that there are N DMUs (j ¼ 1,…,N DMUj) over T time periods (t ¼ 1,…,T), we need to expand the definition on PPS in formula (1) as follows:
This technology gives a description of all technologically feasible relationships between inputs and outputs. In order to model some particular properties of joint production on desirable and undesirable outputs, the technology in model (3) 
Therefore we can easily see that the following formula holds.
Shephard and F€ are [44] introduced the null-joint production assumption which means that if DMUs want to produce a positive amount of desirable outputs some undesirable outputs will also be produced. Thus we have
Second, we also assume weak disposability of outputs to consider explicitly that disposal of undesirable outputs is not freelunch as it is commonly assumed in traditional production theory. The weak disposability of outputs constitutes an appropriate assumption about the technology since reducing undesirable needs resources which could be allocated formerly on desirable outputs [17] . This indicates that it is not possible to reduce undesirable output without reducing desirable output.
The third assumption is known as the strong disposability of desirable output, which implies that it is possible to reduce desirable output without reducing undesirable output. 
Global MalmquisteLuenberger productivity index (GMLPI)
As fully discussed in previous literatures (see e.g. [37] on ML index, there may occur the situations of infeasibility 1 since one or more DMUs can be located beyond the efficiency frontier in certain direction that those DMUs cannot be projected onto the frontier in the presence of undesirable outputs. F€ are et al. [16] illustrated this infeasibility problem intuitively. Aparicio et al. [2] summarized the main weaknesses of ML index, including (1) when the estimation of the shift in technology between two periods of time is based on the distance from the period t observation to the period s technology, infeasibility problem may occur; (2) when using DEA model based on DDF, slacks may be neglected, and (3) inconsistency is implied in the postulates set traditionally assumed in the joint production of desirable and undesirable outputs. F€ are et al. [37] proposed the GMLPI which is circular and free of infeasibility problem. Aparicio et al. [38] proposed a sequential ML index for measuring environmentally sensitive productivity growth which appropriately considers the nature of technical change. Tohidi et al. [48] proposed a new global cost Malmquist productivity index, which is circular and that gives a single measure of productivity change. Arabi et al. [3] showed the shortcoming of the approach proposed by Aparicio et al. [2] to tackle the infeasible problem based on a new direction function using slacks-based measurement. The definitions of indexes, e.g. GMLPI in Ref. [37] ; sequential ML index in Ref. [38] ; cost MPI in Ref. [48] ; are coincides substantially with the sequential technology introduced by Tulkens and Vanden Eeckaut [47] and Shestalova [45] . Here we restate the GMLPI briefly. First we define global PPS with undesirable output as
where
constant returns to scale (CRS) on the technology PPS G D , thus we have
and under VRS technology:
The GMLPI (output-oriented) can be decomposed into components of productivity growth under CRS and VRS assumptions as follows:
Under CRS assumption: is the ratiocale efficiencies of the two bundles from the two periods as the global benchmarks under the VRS assumption.
It should be noted that the infeasibility problem does not happen in this model since we use global technology.
T GMLPI can be illustrated through the following Fig. 2 It should be noted that, in some cases the dataset containing missing values in DEA will happen. Kuosmanen [26] presented a first systematic attempt to address the issue of missing data in DEA. They showed that DEA can automatically exclude the missing data from the analysis if blank data entries are coded by appropriate numerical values. However in our case on Chinese manufacturing industries, the Repair Service of Metal Products, Machinery and Equipment is a new sub-level manufacturing industry from 2012,
i.e. there is no data on this industry before 2011. Thus, in this study we remove this industry from our time-series dataset and we have 29 manufacturing industries in total. Otherwise, if we set all the inputs and outputs of this industry as zero, the objective function in Model (13) or Model (14) would be unbounded. Table 2 shows the summary of input and output indicators used in previous studies on Chinese environmental efficiency. From this table we can see that labour, capital and energy consumption are the most frequently used input indicators and GDP and CO 2 emission are the most frequently used desirable and undesirable outputs respectively in measuring Chinese environmental efficiency. Let us consider a paper mill production where paper is produced with undesirable outputs of pollutants (e.g. biochemical oxygen demand, suspended solids, particulates and SO 2 emissions). If inefficiency exists in the production, the undesirable pollutants should be reduced to improve the inefficiency. In other words, when we evaluate the production performance of paper mills, the undesirable and desirable outputs should be treated differently. However, in the standard DEA model, decreases in outputs are not allowed and only inputs are allowed to decrease in input-based models, or inputs are not allowed and only outputs are allowed to increase in output-based models, respectively. Thus DDF should be used to measure the inefficiency. As we discussed in Subsection 2.1, there are few existing researches and it is important to measure the productivity evolution with CO 2 emissions on Chinese manufacturing industries using GMLPI based on DDF.
Variables
When investigating Shanghai's industrial total factor CO 2 emission performance, Fan et al. [15] argued that "We choose gross industrial output that contains the intermediate input rather than industrial added value as the desirable output since the industrial CO 2 emission mainly come from fossil fuel consumption, which is an intermediate input.". In this paper we follow this idea to use GIOV instead of industrial added value as the desirable output to investigate the productivity evolution of two-digit Chinese manufacturing industries.
We select three input variables including Labour, Asset and Energy and two output variables, including Gross Industrial Output Value (GIOV) as a desirable output and CO 2 emissions as an undesirable output. Classified by the degree of liquidity, total assets include current assets, and non-current assets. Current assets can be classified into monetary assets, trading financial assets, notes receivable, accounts receivable, advanced payments, other prepaid money and inventories. Non-current assets can be divided into long-term equity investment, fixed assets, intangible assets and other non-current assets. Data on this indicator are obtained by the year-end figures of total assets in the Assets and Liability Table 3 . (5) CO 2 emissions. The CO 2 emission is the undesirable output in our study. The data for this indicator is not provided directly in China Statistical Year Books or China Industry Statistical Year Books. Hence we estimated it based on the consumption of different types of energy. The main source of (net) global CO 2 emissions to the atmosphere is the use of fossil fuels (see, [18] . Thus the most widely used method for the estimation of CO 2 emissions is based on the consumption of fossil fuels including coal, crude Oil and natural gas. These three types of oil fount for more than 85% CO 2 emission in China [10] . In our study, we also use the CO 2 emission from coal, crude oil and natural gas as the total CO 2 emissions of sub-level Chinese manufacturing industries.
Iergovernmental Panel on Climate Change [22] published IPCC Guidelines for National Greenhouse Gas Inventories, in which the equation for calculating CO 2 emissions from fossil fuels is provided as follows:
where CO 2;i ði ¼ 1; 2; 3Þ. denote the CO2 emissions of coal, crude oil and natural gas, respectively. Variables E i , NCV i , CEF i , and COF i denote the total consumption (E), net calorific value (NCV), Carbon Emission Factors (CEF), and carbon oxidation factor (COF) of these three types of energy. Constant values of 44 and 12 are the molecular weights of CO 2 and carbon respectively. Furthermore we need to transform different types of energy into SCE, whose coefficients are provided by China Energy Statistical Yearbook 2005e2013. According to the above formula and Chen [10] 's research, we list the coefficients for CO 2 emissions estimation of Chinese manufacturing industries in Table 5 . 
Descriptive statistics
Descriptive statistics of variables used in this study are presented in Table 6 . The summary statistics of variables in 2011 and before are listed in Appendix B.
The following Fig. 3(a)e(d) show the changes of the means of five indicators in this period. We can see that the inputs and outputs all increased significantly over this period, especially GIOV, Asset, Energy, and CO 2 emission. There is a slight drop in the input Labour in the year 2005. After this year, the Labour also has been growing continuously. From Fig. 3 we know that Chinese manufacturing industries has achieved significant progress in terms of GIOV and Asset over the investigated period. However, the rapid growth has also resulted in high energy consumption and serious increasing of CO2 emission, which hinder the further sustainable development of those industries due to more and more strict regulations on the environment both in the world and in China.
Empirical results
In recent year, there are severe development problems facing by Chinese manufacturing industries. The following Fig. 4 shows the developmental status of Chinese manufacturing industries in recent years. From this figure we can see that the HSBC China Manufacturing Purchasing Managers' Index (PMI) 2 is going down in recent years. One of the main reasons is the overcapacity of Chinese manufacturing industries. According to the third national industrial census, the nation's major industrial products have more than 80% excess capacity or severe overcapacity.
GMLPI analysis on Chinese manufacturing industries
In this paper we conduct GMLPI analysis on Chinese manufacturing industries under the CRS and VRS assumptions, respectively. As discussed in Subsection 4.1, due to the adjustments of statistical coverage of Chinese manufacturing industries, we separate our study periods into three clusters/stages: (1) 2004e2006, (2) First we use the GMLPI index in Model (15) on these three clusters/stages and have the averages of GMLPI index and its components of all Chinese manufacturing industries as shown in Table 7 . The detailed data for each sub-level manufacturing industry is shown in the Table C Appendix C.
In the first stage (2004e2006), the GMLPI declined slightly from 1.0870 to 1.0672, which reflected the productivity of Chinese manufacturing industries increased in this stage but the speed declined. The technical efficiency changes (EC) increased from 0.9441 to 1.0439, which indicated the catching-up with the contemporaneous benchmark technology frontier. However the best practice gap changes (BPC) declined significantly from BPC ¼ 1.1573 to BPC ¼ 1.0235, which indicated the contemporaneous frontier shifted towards the global technology frontier in the direction of less desirable outputs and more undesirable outputs. Combining the above information we can conclude that the average technical efficiency of Chinese manufacturing industries increased in this period. However the contemporaneous frontier shifted towards the direction of less GIOV and more CO 2 emission. In this period Chinese manufacturing industries experienced an extensive growth, which produced a large number of GIOV with more rapid increased CO 2 emission.
In the second stage (2007e2010), the GMLPI increased slightly from 0.9978 to 1.0614. The EC dropped significantly, which indicated the average technical efficiency (TE) or catching-up with the contemporaneous benchmark technology frontier decreased significantly. However the BPC increased significantly from BPC ¼ 0.9173 to BPC ¼ 1.1569, which indicated the Chinese government paid much attention on CO 2 emission and the contemporaneous frontier shifts towards the global technology frontier in the direction of more desirable outputs and less undesirable outputs.
In the third stage (2011e2012), the GMLPI is 0.9786, which shows that the productivity of Chinese manufacturing industries went down in this period. Also the TE change (EC ¼ 0.9726) illustrates that the average TE also dropped. However the BPC is 1.0067 which means the contemporaneous frontier still shifts towards the global technology frontier in the direction of more desirable outputs and less undesirable outputs. That means Chinese government has made great efforts to reduce CO 2 emission in Chinese manufacturing industries.
Second we use the proposed GMLPI index in Model (16) under VRS assumption on these three clusters/stages and have the averages of GMLPI index and its components of all Chinese manufacturing industries as shown in Table 8 . According to Ray and Desli [42] 's research, the GMLPI productivities under CRS and VRS are the same. We can also verify their conclusions from our results.
In the first stage (2004e2006), the pure technical efficiency (PTE) change (PEC) increased from 1.0063 to 1.0209, which indicated the PTE of Chinese manufacturing industries increased a lot in this period. However the BPC declined significantly from BPC ¼ 1.0842 to 1.0613, which indicated the contemporaneous frontier shifted slightly towards the global technology frontier in the direction of less desirable outputs and more undesirable outputs. Also the scale efficiency change factor (SCH) decreased from SCH¼0.9984 to SCH¼0.9845 which indicated the scale economies of Chinese manufacturing industries dropped slightly in the first period.
In the second stage (2007e2010), the PEC increased from 1.0076 to 1.0102, which indicated the PTE of Chinese manufacturing industries increased a lot in this period. Also the BPC increased slightly from BPC ¼ 1.0155 to BPC ¼ 1.0616, which indicated the contemporaneous frontier shifted slightly towards the global technology frontier in the direction of more desirable outputs and less undesirable outputs. Also the scale efficiency change factor (SCH) decreased from SCH¼0.9984 to SCH¼0.9845 which indicated the scale economies of Chinese manufacturing industries dropped slightly in the second period.
In the third stage (2011e2012), the PTE change (PEC ¼ 0.9826) illustrated that the average technical efficiency also dropped. However the BPC is 1.0047 which means the contemporaneous frontier still shifted towards the global technology frontier in the direction of more desirable outputs and less undesirable outputs. Furthermore we can see SCH¼0.9922 which indicated the scale economies of Chinese manufacturing industries dropped slightly in the third period.
Heterogeneity of light and heavy manufacturing industries
In this subsection, we further investigate the heterogeneity of light and heavy manufacturing industries in terms of GMLPI and its decompositions. We categorize all 29 Chinese manufacturing industries into light and heavy industries respectively according to the classification guidance of Chinese manufacturing industries from National Bureau of Statistics of China 3 . Fig. 5 
Discussions and policy implications
The main reasons of the negative trends of Chinese manufacturing industries are probably as follows: (1) Low average personal efficiency. The average personal efficiency in Chinese manufacturing industries only accounts for 4.38%, 4.37%, and 5.56% of those of United States, Japan, and Germany, respectively 4 . (2) Low value-added. The value-added in Chinese manufacturing industries accounts for only about half of the United States and Germany, about two-thirds of Japan. (3) Overcapacity of low-level production and lack of high-level one. According to the third national industrial census, the nation's major industrial products have more than 80% excess capacity or severe overcapacity. In contrast, a number of high-tech and high value-added industrial products had to be imported large quantities, and even some products have been dependent on imports seriously. (4) Irrational industrial structure. China's manufacturing industry is in the state of lightness, and the strength of large equipment manufacturing is weak, is a "virtual fat." (5) Huge amount of CO 2 emissions into the atmosphere. Since 2007, China has surpassed United States and become the largest contributor of CO 2 emissions in the world. Therefore, China is a big country in manufacturing, but it is not a strong one. So, it will undoubtedly be an important part of China's future economic development to improve the management level of Chinese industries and promote their upgrade to more value-added and greener production to develop sustainably. It is important for policy makers to note that the scale economies of Chinese manufacturing industries dropped gradually during this period 2004e2012, which illustrates that Chinese manufacturing industries went away farther and farther from their optimal operation scale size. In other words, Chinese manufacturing industry encountered severe overcapacity issue currently since of the lack of consumption in the sense of the total retail sales of consumer goods and too much CO 2 emissions. Therefore, based on the analysis in this paper, we propose the following policy suggestions for Chinese manufacturing industries as follows: (a) Chinese government can encourage domestic manufacturers in China to allocate more resources into the research and development (R&D) on advanced manufacturing technology to increase the value-added of their products to produce more GIOV and less CO 2 emissions using the limited resources. (b) Chinese government can provide incentives for CO 2 emissions reduction for domestic manufacturers, e.g. Chinese government can provide specific fund for manufacturers with relatively low energy consumption and CO 2 emissions to support them improve their competitiveness in the market and to promote the economic growth mode to shift from conventional high energy consumption and CO 2 emissions to clean and green production with low energy consumption and CO 2 emissions. (c) Domestic manufacturers can be encouraged to learn and introduce advanced experiences and equipment from other industrialized countries to help improve their own production technology and management. (d) Chinese government should give full play to the binding role of laws and regulations and the threshold role of technical standards, strictly implement laws, regulations and technical standards on environmental protection and clean production, and eliminate backward production capacities gradually.
Conclusions
In this study we analysed and reported the productivity evolution of the subordinate sectors (two-digit level) in Chinese manufacturing industries with respect to CO 2 emissions in period of 2004e2012 using the Data Envelopment Analysis (DEA). Due to the changes on the statistical coverage of industries in China in the period of 2004e2012, we separate these 9-year dataset into three clusters/stages: (1) (3) Finally during 2011e2012 the contemporaneous frontier still shifts towards the global technology frontier in the direction of more desirable outputs and less undesirable outputs, i.e. producing less CO 2 emissions while the GMLPI drops slightly. Hence we concluded the Chinese government should carefully implement more policy regulations for industries to maintain productivity index while reducing CO 2 emissions. Furthermore, we showed the heterogeneity of light and heavy manufacturing industries in this paper in terms of GMLPI and its decompositions. At last this paper analyses the possible reasons for the dilemma of Chinese manufacturing industries and proposes some policy suggestions. The future research can be extended into specific manufacturing industry (e.g. Manufacturing of Automobiles) to investigate the efficiency or productivity evolution of a group of big enterprises in this industry. Appendix C Note: According to OECD statistics, we set Index 2010 ¼ 100.
